INTRODUCTION
Hypercholesterolemia is a primary risk factor for cardiovascular disease [1] [2] [3] . Recently, bile acid was identified as a plausible target for lowering cholesterol, as bile acid-binding agents alter the way cholesterol is absorbed [4] [5] [6] [7] [8] [9] . Specifically, such agents, including cholestyramine, are designed to bind bile acids with high affinity within the intestine [10] , thereby disrupting bile acid micelles, which are the key complexes that capture and target dietary cholesterol to specific transporters for absorption. Thus, disruption of micelle formation leads to decreased cholesterol absorption. Moreover, agents with high bile acid binding capacities prevent the re-absorption of bile acids (95-98% of secreted bile acids) in the lower intestine, leading to bile acid excretion.
Lastly, in addition to inhibiting bile acid reabsorption, bile acid-binding peptides can also trigger the activation of cholesterol 7α-hydroxylase in the liver, promoting the synthesis of new bile acids by consuming stored cholesterol.
Previously, Choi et al. reported that a hydrophobic peptide derived from the soy protein glycinin binds strongly to bile acid in vitro [11, 12] . Nagaoka S. et al. found for the first time that VAWWMY (soystatin) derive from soybean glycinin acted as an inhibitor of cholesterol absorption in vivo [13] . There are so many in vitro active soypeptides, soystatin is an only in vivo active hypocholesterolemic peptides derived from soybean [14] . Given the growing requirements for daily preventive therapies for lifestyle related diseases, hypolipidemic peptides could yield new avenues for medical dietary interventions. Notably, the use of such naturally occurring peptides should be more safe and effective than protein hydrolysates [14] [15] [16] [17] [18] , which contain multiple unknown components in addition to the active molecules.
Combinatorial peptide library technologies (e.g., SPOT peptide array) [19] [20] [21] [22] offer advantages for high-throughput screening and analysis of bile acidbinding peptides. The ability to make positional amino acid substitutions and to examine peptides of different lengths has helped to advance our understanding of the structural rules of peptide interactions with various substrates. However, the greatest disadvantage of array-type peptide libraries is the limited size of the screenable library compared to the total number of peptide varieties. Essentially, the number of possible amino acid sequences (20n for a peptide that is n residues long) is too vast to cover exhaustively, both in terms of physical array area and preparation costs. In this study, to compensate for these size limitations, we propose a hierarchical clustering-based array design, which we refer to as the catalog array.
Hierarchical clustering, also known as the unsupervised data segmentation method, groups objects into subsets, called "clusters," using multiple information variants. In bioinformatics, this method is most commonly applied to interpret similarities in gene expression profiles among the samples [23, 24] . With hierarchical clustering, all objects in a data set can be described in a dendrogram showing each similarity. Therefore, data can be objectively divided into several groups. Since our previous studies showed that positional information for amino acid indices (i.e., physiochemical property information) were predictive of short peptide affinity (<16-mer) [24] [25] [26] [27] [28] , we hypothesized that clustering based on such amino acid indices would identify peptides of similar affinity. If peptides with similar affinity could subsequently be grouped successfully by in silico clustering (with small deviations in each cluster), the peptide library could be sized-down by selecting a few representative peptides to reduce inherent redundancy within the screening. In this report, we verify the effectiveness of our clustering-enriched catalog array design technique by screening for bile acid-binding peptides.
Materials and Methods
Selection of amino acid indices: Variables for conversion of amino acids in peptide sequences were obtained from the AAindex1 reported in Genome Net Japan, organized by Kyoto University (http://www.genome.ad.jp/dbget/aaindex.html) [30] . A total of 544 amino acid indices (Table SI) registered in the database (version 9.1, as of January 2008) were found to comprise 21 clusters, with high correlation ( Figure S1 ). To represent the remaining 13 independent clusters covering the majority of indices, 13 indices were selected (schematic illustration in Figure 1A ; detailed list in Table SII) : [1] Isoelectric point [31] , [2] Normalized van der Waals volume [32] , [3] Alpha-helix indices for beta-proteins [33] , [4] Beta-strand indices for betaproteins [33] , [5] Side-chain contribution to protein stability [34] , [6] The stability scale from the knowledge-based atom-atom potential [35] , [7] Hydropathy index [36] , [8] Normalized frequency of turn [37] , [9] Free energy in beta-strand region [38] , [10] Free energy in alpha-helical region [38] , [11] Polarity [31] , [12] Side chain interaction parameter [39] , and [13] Amino acid distribution [40] , Each amino acid of each sequenced peptide sequenced was numbered from the N to C-terminus using each of the 13 indices. Therefore, each amino acid index profile for each sequence included 39 parameters (3 positions × 13 indices).
Hierarchical clustering:
Average Table SV for peptide list). For comparison to the catalog array, three different types of random arrays (designated random 1-3), consisting of trimer peptides randomly selected from the 8,000 peptides in silico, were generated with no redundancy (see Table SV for peptide list). For reproducibility, three copies of each array were prepared. All spots were randomly distributed during array synthesis. In each array, positive controls (VAWWMY) and negative controls (linker only) were included with eight internal control sequences (see supplementary information).
Bile acid binding assay with peptide array:
The detailed binding assay protocol and the methods used for data analysis are described in the supplementary material. Briefly, peptide arrays were hybridized with taurocholate (Sigma-Aldrich, St. Louis, MO, USA), anti-cholic acid (Cosmo Bio, Tokyo, Japan), and Alexa 488-conjugated antirabbit IgG, respectively. The peptide spots were scanned with a FLA-7000 device (Fujifilm, Tokyo, Japan) and analyzed with ArrayGauge Ver.2.1 software (Fujifilm).
Results

Designing the catalog array by two-step hierarchical clustering:
To maximize library diversity and minimize redundant examination of biased types of peptides, we utilized hierarchical clustering to group peptides by similarities in bile acid binding affinity. A schematic flow diagram illustrating the design of the catalog array is shown Figure 1 . An initial hierarchical clustering step (clustering of AA indices) was performed to reduce the number of informative variables and to identify the representative indices of those that are clearly independent ( Figure S1 ). For effective clustering, such independent numerical variables are required to provide the optimal variability in the physiochemical aspects of a peptide. Thirteen of the most independent amino acid indices were selected from the first hierarchical clustering to represent 544 indices in the AA index database (Tables SI  and SII) . After the initial clustering, each peptide sequence was converted into numerical values at the sequence conversion step ( Figure 1B ). The sequences covering trimer variety (8,000 = 203) were then converted into 39 parameters (3 positions × 13 indices). The peptides, represented by the resulting variables, were then subjected to a second hierarchical clustering (clustering of peptides) step. Representative peptides from each cluster were randomly selected for construction of a minimal library to be incorporated into the catalog array. The selected peptides provided maximal coverage of the variability in peptide binding properties using the fewest number of peptides ( Figure 1C) . A third hierarchical clustering step, clustering of all trimer peptides, was subsequently applied to the numerically converted peptides for physicochemical grouping. Forty-seven clusters were selected to represent the 47 distinct physicochemical property groups (Table SIII) . Six representative peptides from each selected clusters were randomly selected for synthesis for the first catalog array ( Figure 1D ). After narrowing the first catalog array to 10 clusters, 25 representative peptides from each cluster were again randomly selected for the second catalog array ( Figure 1D ). The variety in the number of members per cluster indicated that the physicochemical properties of trimer peptides are greatly biased; there was a 22-fold difference in the number of cluster members between the maximum cluster and the minimum cluster (detailed list inTables SIII and SIV). Three clusters (no. 8, no. 9, and no. 31) had fewer than 20 members, while the largest clusters (no. 2, no. 20 and no. 38) had greater than 300 members. Notably, while such huge biases in physicochemical properties suggest that peptides with rare physicochemical properties will rarely appear in random screening, the catalog array can account for these biases by evenly weighting each variety, thereby enabling balanced testing 
Physicochemical preferences of bile acid-binding peptides interpreted from catalog array
The catalog array screening has the advantage of interpreting properties that commonly appear in peptides with high affinities for bile acids. To evaluate the bile acid binding properties of cataloged trimer peptides, we hybridized bile acids (taurochole acids) to the first catalog array (six peptides from each of the 47 clusters). Table SIV lists the average fluorescence value for each of the 47 clusters. The low coefficient of variation (CV) value in each of the 28 clusters indicates that six randomly selected representative peptides from the same cluster share similar affinities for bile acids (Table I) . These findings support our hypothesis that the affinity of short peptides may be clustered by their physcochemical properties, also suggesting that peptides in the same cluster could be represented by several candidates to enable screening of diverse physicochemical properties. From the clusters in the top or bottom rankings, we identified characteristic amino acid index profiles underlying the interaction between peptides and bile acids, which could be interpreted as principles of physicochemical preferences (Figure 2 ). The five most stable clusters (cluster no. 48, 46, 35, 45, and 29) shared several common structural characteristics related to high affinity bile acids; each of these clusters encoded an N-terminal Pro, with Tyr/Phe/Ile/Met/Leu/Val/Trp at any position. These amino acids share a high value for three indices: sidechain contribution to protein stability, stability scale based on knowledge-based atom-atom potential, and hydropathy. Interestingly, aromatic residues (Trp, Tyr, and Phe) had a strong positive effect on bile acid binding capacity. Likewise, the five least stable clusters (cluster no. 30, 26, 2, 44, and 3) exhibited common structural characteristics related to low affinity bile acids: possession of a Cys or Pro at the C-terminal end and Asp/Glu/Ala/Gly/Ser/Gln/Thr in the N-terminal position. These properties have low values for three indices: normalized van der Waals volume, beta-strand indices from beta-proteins, and stability scale based on knowledge-based atom-atom potential. This is the first time that such amino acid preferences contributing to bile acid interactions with trimer peptides have been characterized and analyzed. As such, these results provide principles for the future design of bile acid-binding molecules, including potential drugs for the treatment of high cholesterol.
Focused screening of bile acid-binding peptides based on the catalog array results.
To further examine the physicochemical properties that are important for bile acid binding capacity, we expanded the screening size within the specific clusters identified in the initial catalog array. We selected the five most stable (cluster no. 48, 46, 35, 45, and 29) and five least stable (cluster no. 30, 26, 2, 44, and 3) clusters, and randomly selected 25 new representative peptides to synthesize on the second catalog array. According to our hypothesis, if the hierarchical clustering of 8,000 peptides were successful, the peptides selected from the once examined clusters should show similar affinities to bile acids. As shown in Figure 3A and 3B, the newly selected representatives from the most stable clusters exhibited approximately 2-fold higher (average 1,633) affinities for bile acid than those of the least stable clusters (average 894), and this difference was statistically significant (P = 10-30) (Table SV), suggesting that the peptides in the stable clusters bind to bile acids with significantly greater strength. This concordance with the results of first catalog array strongly supports the validity of our approach of hierarchical clustering of short peptides by physicochemical properties. From this focused screening, we obtained six new trimer peptides (WIY, YYW, WRW, PWR, MFW, and WFM) that exhibited extremely high bile acid binding capacities (Table SV) . Interestingly, these trimers had higher bile acid affinities than the longer bile acid-binding peptide VAWWMY, which was previously shown to strongly suppress cholesterol absorption in liver, intestine, and serum by simple oral administration 13). Trimers YYW, WFW, WIY, WRW, and WYM were grouped in the top 2 clusters (no. 47 and 45), while trimer PWR was grouped in the fifth cluster from the top (no. 28) from the first catalog screening (Table SV) . These results again indicate that the amino acid profile of the top clusters ( Figure 2 ) was an important characteristic for identifying peptides with high affinities for bile acid.
Screening efficacy of the peptide catalog array
The concept behind the catalog array is that numerous peptide variations can be covered using a limited number of representative peptides through successful clustering. By clustering, it was expected that a minimal number of representative peptides could provide maximal levels of independence and variation to enhance screening efficacy. To confirm the screening effectiveness of the catalog array, we synthesized three random arrays (random 1-3) for comparison. Each random array consisted of 125 peptides randomly selected from the 8,000 possible trimer variations, without redundancy. Figure 3C shows the distributions of the bile acid binding affinities of the peptides in these random arrays; each of these peptides was distributed within the low affinity range (average fluorescent values, random 1 = 1,347; random 2 = 1,257; and random 3 = 1,032). Notably, the bile acid binding affinities of the peptides in the top five clusters in the catalog array exhibited significantly higher affinities (P = 3.1 × 10-13; Figure 3A , 3C) for bile acid than those in the random arrays. Meanwhile, the peptides in the bottom five clusters exhibited significantly lower affinities (P = 4.29 × 10-27) than those in the random arrays ( Figure 3B, 3C) . Moreover, of the 375 randomly selected peptides on the random arrays, no peptide had a higher affinity for bile acid than the strong bile acid-binding peptide VAWWMY, and the yield efficacy to obtain high affinity peptides (fluorescence intensity > 2,000) was only 6.9%. In contrast, catalog array screening, using one-third the number of peptides (125), succeeded in identifying six peptides with stronger affinities for bile acid than VAWWMY (yield efficacy = 23.2%). These results further support our hypothesis that the affinities of short peptides are predominantly controlled by amino acid physiochemical properties, and that clustering by those properties can effectively minimize the number of candidate peptides synthesized for the array while maximizing the screening efficacy.
Construction of a bile acid-binding peptide using trimer peptides as building blocks
To apply the principles elucidated by the catalog array to the design of novel bile acid-binding peptides, we attempted to build longer peptides by connecting successful trimer peptides as "building blocks". For example, using four high-affinity trimers (WYM, YMW, MWM, and WMI), we synthesized WYMW (4-mer), WYMWM (5-mer), and WYMWMI (6-mer) by merging the overlapping amino acids of distinct trimers. In the same manner, we enumerated the potential combinations of top cluster peptides in silico. A total of 164 possible tetramers, 157 pentamers, and 186 hexamers were subsequently identified and synthesized onto a peptide array for screening. The five novel peptides with the highest bile acid binding properties are shown in Table II . By joining bile acid-binding trimers from bile acid-binding clusters, an elongated peptide molecule with high bile acid binding affinity (exceeding that of VAWWMY) could be obtained at an efficiency of 36% (57/159 peptides). This result suggests that a protein consisting of bile acid-binding peptides from bile acid-binding clusters is likely to exhibit a high bile acid binding affinity, both as an intact peptide and as resultant trimers after digestion.
Discussion
In this study, we introduced in silico hierarchical clustering to design an enriched array that compensates for the volume limitations of arraybased screens. To our knowledge, this is the first study to combine the clustering strategy to design an efficient peptide library for peptide array screening. In the present study, our catalog array successfully identified both effective and ineffective "clusters" of bile acid-binding peptides (Figure 2) . Analysis of these clusters also highlighted the optimal physiochemical characteristics of peptides exhibiting high binding affinities for bile acid. Typically, peptides that bind to bile acid are highly hydrophobic 4), such as the previously reported peptide VAWWMY, which was isolated from the most hydrophobic region of the soybean glycinin subunit 11). Through our screening, however, we found that this single simple property was insufficient to predict the strength of interactions between peptides and bile acids. For example, several candidate peptides with extreme hydrophobicity (IVV, VFI, VLF, ILM, and MLI) exhibited half the bile acid binding capacity as those in the top five clusters selected using the catalog array (Table SVI) . Furthermore, peptides from the strongest bile acid binding clusters had relatively hydrophilic properties compared to those made up of only hydrophobic residues. Our clustering-based screening was effective for visualizing and interpreting such complex guiding principles for desirable and undesirable molecular properties by leveraging the positive and negative informational advantages provided by array-based screening (Figure 1 ).
Notably, we demonstrated that peptides exhibiting high affinities for bile acid could serve as "building blocks" for designing longer bile acid-binding peptides (Table SVII) . Such an approach should be helpful in designing new peptides or molecules for a variety of applications, with minimum screening cost and time. We also expect that the concept of a "building block" could be further applied in reverse to score unknown proteins exhibiting hypolipidemic effects. Moreover, our observations support the concept of characterizing elongated peptides with digestion product trimers that also have significant bile acid binding properties. Given that bile acidbinding peptides act to lower cholesterol in the intestine, where the digestion of proteins produces many trimer peptides, evaluating the prevalence of peptide blocks belonging to bile acid-binding clusters within larger proteins could serve as a novel index for characterizing hypolipidemic foods. Indeed, the idea of "screening natural resources by peptide clusters" could comprise a bottom-up alternative to the classical HPLC-based strategy for finding novel hypolipidemic natural resources. While there are many advantages to the peptide catalog array method proposed here, this strategy does have several restrictions. First, peptide catalog arrays can only be designed using short peptides, as clustering of longer peptides would require an extremely high computational capacity. As such, other clustering methods should be chosen for investigating longer peptides to reduce these computational demands. In addition, determination of final cluster numbers is a critical problem when evaluating peptides with high sequence variation. Since the final cluster numbers in this study were determined intentionally according to experimental size, criteria to optimize the final cluster number should be introduced as a goal in future work. Second, the catalog array strategy, which utilizes amino acid indices for property description, can only be applied to investigating interactions using short peptides. Since the behavior of long peptides is strongly influenced by their secondary sequences and three-dimensional conformations, more informative indices (e.g., describing secondary sequences) should be introduced. Lastly, catalog array screening should be limited to studying interactions in which affinity is predominantly controlled by physicochemical properties and which are amenable to multiple mutations, as the aim of clustering is to evaluate pools of similar peptides, as opposed to one specific peptide. In spite of these limitations, our catalog array-based screening method provides a powerful new strategy for understanding the interactions between small peptides and molecules. We expect that the structural rules elucidated in this study will contribute to the design of novel peptide drugs and functional dietary supplements for preventing lifestyle-related hyperlipidemia. Table SIII ). See also Figure S3 for detailed clustering results. 
